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Abstract

With the rapid development of society and the popularity of smart devices,
the volume of information sent and received is increasing day by day. It has
become very difficult to accurately and efficiently match a large number of
events with a large number of subscriptions, and the event and subscription
matching speed can no longer meet demand. To speed up the matching
speed of events and subscriptions, this paper uses similarity and correlation
to optimize the clustering operation and increase the data transfer and data
throughput of the category fusion strategy. Firstly, the clustering operation
is performed on the subscription messages, and the category to which the
events belong is found according to the clustering result. Subsequently, in the
category, the subscriptions matching the events are found. An on-the-fly sub-
scription publishing algorithm is proposed to coordinate spatial information
and event attribute information to handle not only the matching operation of
events and subscriptions on-the-fly but also to perform subscription updates
and category updates on the distributed environment on-the-fly. It can also
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perform clustering operations and matching operations instantly without
prior knowledge. We design a distributed system for the publish—subscribe
algorithm and propose a load balancing strategy for this algorithm on the
distributed system. Subsequently, we experimentally validate the proposed
publish—subscribe algorithm in this paper by building our own cluster and
using real data.

Keywords: Publish-and-subscribe systems, distributed systems, clustering
algorithms.

1 Introduction

Sending and receiving messages is a common function in many applications
in real life. In the case of location services, the system pushes pertinent
service information based on the user’s current location; in the case of
civil aviation transportation, airlines make pertinent flight plans based on
air traffic control air intelligence; in wireless sensor networks [1], messages
are distributed; etc. The publisher—subscribe system offers a loosely coupled
message delivery and receipt architecture [2], in contrast to the traditional
peer-to-peer message delivery method. In this system, the publisher posts
messages to the transmission channel, subscribers submit their subscription
interests, and the system automatically pushes the relevant content to the
subscribers [3]. This allows for the simultaneous receipt of an event by several
subscribers [4].

The major problem of the system is how to accomplish accurate and
efficient matching between a high number of events and a large number of
subscribers [5, 6]. The design of content-based and semantic-based publish—
subscribe systems is more difficult. A bottleneck in the system will develop,
which will have an impact on the real-time performance and availability of the
system if the event arrival speed exceeds the event matching speed and a sig-
nificant number of events cannot be transmitted in time. If a customer requests
a cab using a taxi-hailing app but the order is not delivered promptly, the user
experience is sure to be subpar. Many distributed systems partition data onto
many servers using spatial indexes that are already in application [7].

The main contributions of this paper are as follows:

(1) This paper proposes a publish—subscribe system without a priori knowl-
edge that can instantly process data flow and coordinate event informa-
tion and spatial information.
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(2) An application method that takes mixed attributes and uses the judgment
parameters in the clustering algorithm to combine similarity and rele-
vance is proposed to design and implement an instantaneous publish—
subscribe algorithm on a single processor. The instantaneous clustering
algorithm Rt-Cluter (RealTime-Cluter) can be used for accepted events
and subscriptions on-the-fly.

(3) We design rich comparison experiments and deploy the publish—
subscribe algorithm to propose a load balancing policy compatible
with it, and the experiments verified the effectiveness of the publish—
subscribe algorithm. The experiments verify the effectiveness of the
publish—subscribe algorithm.

In Section 2, the work on the publish—subscribe system’s algorithm
is explained. In Section 3, the publish—subscribe system’s conceptual model is
formally defined. In Section 4, the real-time clustering algorithm Rt-Cluter is
proposed. In Section 5, a distributed system is proposed to host the publish—
subscribe algorithm. In Section 6, the results of the experiments are shown
and analyzed. Section 7 concludes and looks at the work of this paper.

2 Related Work

To improve the speed of matching, researchers have proposed many new data
structures to index subscriptions. A matching tree indexing structure [8] has
been proposed to construct a matching tree by preprocessing the subscrip-
tions, and when the subscriptions contain equation constraints, the matching
algorithm based on the matching tree data structure is the first to realize
that the matching time grows sublinearly with the number of subscriptions
and the space grows linearly with the number of subscriptions. Since the
same constraints in multiple subscriptions appear only once in the index
structure, the matching efficiency of the matching tree is much higher than
the simple method of matching one by one. The matching efficiency of a
matching tree is much higher than the simple method of matching one by one.
In the literature [9], the authors give precise semantics about event matching
subscriptions and propose an efficient and scalable filtering algorithm based
on binary decision diagrams. Each constraint in a subscription is represented
as a Boolean variable, and each subscription can be represented by a binary
decision graph. Based on dynamic service migration [10, 11], optimization
of resource allocation [12], and time series techniques [13], when matching
an event, first find all the constraints whose conditions are satisfied, and then
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traverse the binary decision graph to find all matching subscriptions. There
are some matching algorithms proposed based on the XML data model, for
example in [14, 15].

An efficient event processing method is proposed in the literature [16].
In this method, events are represented in RDF format, and subscriptions
containing matching conditions are described in SPARQL, a standard query
language based on RDF format data. The Rete algorithm improves compu-
tational efficiency by preserving and sharing intermediate states and is used
in the literature [17] to implement pattern matching. Based on Rete, a new
matching algorithm, Treat, was designed in the literature [18] to improve the
communication problems that exist when the Rete algorithm runs on parallel
computers. Similar to these works, a rule engine is used to implement pattern
matching in [19]. The TAMA algorithm proposed in [20] is an event-fuzzy
matching and forwarding engine that reduces matching accuracy in exchange
for improved matching performance. The index structure proposed in the
literature [21] is dynamic and supports the addition and deletion of subscrip-
tions. Tran and Truong argue that the cost of checking the exact coverage
relationship between subscriptions is significant, so they propose reducing
the cost of coverage checking by using an approximation method [22].
Approximate checking of coverage relations between subscriptions may
result in omission, i.e., a new subscription is actually covered by one of the
existing subscriptions but is not checked, so the new subscription continues
to be forwarded. The authors argue that the omission, although leading to
some redundant network transmissions, does not affect the correctness of
the operation of the publish/subscribe system, and the complexity of the
approximation check in time and space can be greatly reduced compared to
the exact check.

3 Publish Subscription System Conceptual Model

An event or message is the term used to describe the information passed inter-
actively between the information’s producers and consumers in a publish—
subscribe system [23-25], which is a middleware system that enables all
participants in a distributed system to communicate asynchronously in a
publish/subscribe fashion [26, 27]. In Figure 1, the conceptual model of
a publish—subscribe system is depicted. Publishers (information producers)
transmit events to the system, and subscribers (information consumers)
submit subscription conditions to the system by specifying the events in
which they are interested or by canceling their subscription if their interest
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Figure 1 Schematic diagram of the basic publish-and-subscribe system.

has changed. Delivering the message published by the producer to all sub-
scribers who have subscribed to it safely is the primary responsibility of
publish—subscribe middleware.

Published events and subscriptions are two data streams that make up
the publish—subscribe system. Spatial location and attribute text, which may
be represented by a binary group, are the minimum number of bytes of
information required for a published event to be considered in the research
(t.s,t.k). Where t.s t.s specifies the geographic location of the event, which
is stated as a point in space and represented by latitude and longitude. ¢.k
stands for a collection of the event’s properties. Similar to this, ¢ designates
a binary subscription message: q.s, q.k(q.s, q.k), where, ¢.s stands for the
publisher’s spatial range of interest for this subscription, which employs
the range’s smallest nearby rectangle. The information about the qualities
of continuing interest to the subscriber, or ¢.k is what is referred to as the
attribute necessary for event matching.

This paper first clusters the subscriptions and creates a large number of
categories ¢;(¢ = 1,2,3...) by clustering operations based on spatial infor-
mation and event attributes, assigns them to the subscription categories for the
arriving events, and then performs matching operations for the subscriptions
and events in the successfully matched categories to reduce the number of
unnecessary matching operations.

The event stream detects the matching category after entering the category
collection, then compares each subscription in the category one at a time to
identify the output that fits the subscription. If the subscription is added after
it enters the category collection, the clustering method updates the category
collection; if the subscription is deleted, the category to which it belongs is
located and the deletion action is carried out. As subscriptions come in, the
clustering algorithm gradually creates categories out of the original empty set
of categories.
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4 Clustering Algorithm for Publishing—Subscription
Systems

The clustering method of the subscription is critical for publish—subscribe
systems since it directly influences the quality of the clustering results [28],
and in turn, the algorithm’s overall reaction time. Researchers have suggested
several anomaly detection techniques [29], including statistical test methods,
grid-based methods [30], distance-based methods [31], and density-based
approaches [32], to solve this issue. Due to their simplicity and effectiveness,
distance-based approaches are the most popular, but they also have draw-
backs such as sensitive initial center-of-mass selection, reliance on input,
and poor clustering impact for non-spherical data distribution. The density-
based density-based spatial clustering of applications with noise algorithm
is based on the idea of grouping regions with a lot of data points into clus-
ters [33]. Since this approach is not constrained by the shape of clusters, the
accuracy of identifying noisy points is higher, and it can satisfy the demand
for abnormal data detection in intelligent production lines, needed for data
detection.

In this research, we present a clustering method called Rt-Cluter, which
can process events and subscriptions instantly and doesn’t require a training
set (training is done concurrently with matching subscriptions and events).
Comparative trials demonstrate this algorithm’s usefulness.

Spatial information and attribute information are the two types of data
that are included in subscriptions and events. In this paper, we use a hybrid
approach that combines the two types of techniques. The article utilizes a
grid framework to store spatial information. In this article, an inverted index
structure is used for event attribute information.

Similarity and relevance serve as the evaluation factors in the Rt-Cluter
algorithm. Of these, similarity mostly resolves the subscriptions clustering
judgment difficulty in the clustering procedure. To allocate a new subscription
q to one of the most comparable categories c, it must first be clustered based
on the geographical information and attribute information of the event. The
similarities between attributes and locations will be computed independently
in this study and combined using a weighted total. The following is the
attribute similarity KeySim formula:

KeySim = Z key.pro (1)
key€q.k
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where key denotes the attribute and key.pro denotes the proportion of
attribute key in the set of attributes c.k of category c,i.e., the ratio of the
frequency of attribute key in category c and the frequency of all attributes in
category c.

Accordingly, the calculation of the spatial similarity SpatialSim requires

the following equation:
ex

SpatialSim = — 2)
c.s
where c.s indicates the size of the area of the smallest neighboring rectangle
of category c before adding subscription ¢, and ex indicates the size of the
extension needed if category c adds subscription ¢, ¢, and s.
In conclusion, while comparing similarity, the overall similarity Sim is
determined by taking both geographical and attribute similarity into account.

Its mathematical formula is as follows:
Sim = o KeySim/((1 — ) * (1 4+ SpatialSim)) 3)

where « represents the weight value (0, 1), which may be changed depending
on the weight provided to other qualities or spaces.

The subscriptions that are awaiting assignment are put in the category
with the highest similarity value. However, if the maximum similarity is still
below a certain threshold, this paper creates a new category for it and assigns
it to the working node where its most similar category is located, ensuring
that the most similar category will be in the same working node and sparing
resources in subsequent data transfer.

When the number of categories exceeds the value, the clustering algo-
rithm additionally requires category fusion in addition to the formation of
new categories. In this work, category fusion is done using correlation.

5 Distributed System Design

A single processor cannot fulfill the necessary demands as the volume of
data in the network increases. In this study, we propose a distributed system
to host the publish—subscribe method, and we give the algorithm a name:
DRt-Cluster (Distributed-Realtime-Cluster). Figure 2 illustrates its logical
structure.

The clustering node d; and the matching node w; are the two kinds of
nodes in the system, with d; standing for the clustering node and w; for the
matching node. The study’s specifics are as follows.
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Figure 2 Logical structure of the distributed system.

Clustering node. With the following capabilities, it mostly conducts
clustering operations:

The clustering node checks the properties of each category with the char-
acteristics of event ¢ to determine which category could have a subscription
that matches. A special category is discovered for each new subscription, and
the appropriate procedure is then carried out to update the category. When
deleting a subscription, the category that could include the event is looked for
before the deletion is carried out.

Corresponding nodes. The node keeps track of each category indepen-
dently and mostly handles subscription addition and deletion as well as event
matching. The following are the functions:

According to the subscription category each subscription belongs to, it
locates the subscriptions for events that fit the requirements. The categories
are updated following the subscription category to which they belong for
subscription add/delete actions. By updating the categories in the node fol-
lowing the updated data of the clustering node for the category, the category
update is carried out. Data transmission must be taken into consideration
while implementing the method in a distributed system. To prevent overtaxing
one node and creating a performance bottleneck, the load balancing issue in
distributed systems should also be taken into consideration.

5.1 Category Integration

This work will prioritize the category fusion inside the same node according
to the correlation, and the distributed environment needs to reduce data
transmission between nodes while meeting the clustering criteria. The two
variables correlate within the same worker and correlation in the different
workers is recommended to be used in the procedure.
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In the investigation, it was discovered that the term c.cs stands for the total
of correlations between category ¢ and its categories in the same matching
node, and the related mathematical expression is:

c.cs = Z correlation(c, ) %)

cew,c’ cw,c#£c!

where w stands for the node that matches the category ¢, which is where it is
placed.

The following mathematical formula may be used to express the further
finding that c.cd stands for the total of the correlations between category c
and the categories in each of its matching nodes:

c.cd = Z correlation(c, ¢’). 5)

cew,c'¢w

Based on this, the judgment criterion for category c in this work is
c.MergeJudgePara. For the fusion operation of the category with the high-
est relevance value inside the same matching node, the category with the
biggest value is chosen. The relevant mathematical expression is expressed

as follows:
c.cs

c.cd’ ©)

A category fusion technique between matching nodes is suggested in
this situation if a category has weak correlations with the categories in the
same matching node and strong correlations with distinct matching nodes,
i.e., the MergeJudgePara is minimal. First, it is decided if it is appropriate
to employ it just inside the node fusion by adding a new threshold merge.
The category to be fused is seen to be too weakly connected with other
categories inside its matching node, and only inter-node category fusion may
be carried out if the maximum MergeJudgePara computed is merged. This
study employs inter-node category fusion, choosing the category with the
smallest MergeJudgePara and fusing the subscriptions within that category
with subscriptions from other categories.

c.MergeJudgePara =

5.2 Load Balancing

To prevent a node from getting overloaded and acting as a performance
bottleneck, load balancing’s primary goal is to maintain a balance between
each node’s load. It may be essential to check if a node’s load is balanced
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after a particular number of events and subscriptions; if it is, the imbalance
will be corrected as soon as it manifests.

The workload should first be measured before determining if there is a
load imbalance. Following analysis, it becomes clear that category ¢ must
handle three different types of data: event ¢, recently added subscription ¢,
and subscription ¢’ that has to be removed. As a result, category ¢’s workload
is divided into the following three categories.

t.num
WorkLoad(c) = / c.size + Z insert(q) + Z delete(q’).  (7)
1

The size of category c is indicated by the number of subscribers in the
category, and t.num stands for the total number of events received.

Equation (7) breaks down the workload for processing the matching
operation of the event ¢ into three parts: the first part represents the workload,
where c.size changes depending on whether subscriptions are added or
deleted; the second part represents the resource consumption needed to add
subscriptions over time; and the third part represents the resource consump-
tion needed to delete subscriptions over time. The sum of the workloads for
each category in a working node during a certain period represents the node’s
overall burden. The workload of matching operations is used in this study to
describe the burden of categories.

This paper’s load balancing method may be summed up as follows: When
a node is overloaded, a portion of it is immediately transferred to another
node. Assuming there are m working nodes, the total workload for all nodes
in the study is set to TotalLoad, and if a node w burden fulfills Equation (8),

2
WorkLoad(w) > i TotalLoad. (8)

The node’s burden is thus deemed excessive and has to be balanced. The
criteria used in this study to evaluate whether the transfer operation should be
terminated are referenced in Equation (8). In the process of load balancing,
it is required to choose a portion of the subscriptions from the node with the
greatest load to transfer to other nodes.

In the study, the subset to be migrated is determined using the greedy
technique, and DiwviPara is utilized as the selection criterion for which the
operation must be carried out using the formula:

c.cd — c.cs

c.DiwiPara = —— . size. 9)
c
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Choose the category with the highest DiviPara value as the subset to
migrate until the load balancing requirement is satisfied. The categories
inside the nodes are sorted using Equation (9), and the categories are then
transferred to the nodes to be received until the load balancing need is
satisfied. The node having the greatest association with the category being
migrated can be chosen as the node to be received.

6 Result and Discussion

The fundamental publish—subscribe algorithm’s experimental validation find-
ings are provided in this section. The distributed environment was built
on three machines. The three computers were set up using the following
parameters: two PCs each with an Intel(R) Core (TM) 15-94002.8 GHz
processor and 8 GB of memory, as well as one with an Intel(R) Celeron(R)
CPU1007U1.5 GHz processor and 8 GB of memory. Each processor only has
one core. The researcher created the distributed environment, the computer
system runs Ubuntu 18.04, and the distribution system was constructed with
components from ZooKeeper and Storm. Four matching nodes are involved,
however, only two clustering nodes are chosen.

About 100,000 bytes of data from the website http://www.pocketgpsw
orld.com/ are selected to be used in the experiment. These data can only be
used to create published event information, which is how this article utilizes
them to create the related subscription information: first, specify the number
of subscriptions, which is set to be 0.01 times the number of events in this
paper; next, generate that number of subscriptions at random by selecting
an event at random for each subscription, the set of subscription attributes
taking a random subset of the event’s attributes, and the spatial location
of the subscriptions being the event. The event will be the focal point of
the subscription’s spatial location, which will also include a certain number
of arbitrarily extended latitudes and longitude. This is done to increase the
number of subscribers and events that match. The relevancy may be updated
easily.

The experimental process’s parameters are defined as follows in this
paper: the parameter « = 0.5 in Equation (3) balances attribute similarity
and geographical similarity. The grid intervals in clustering nodes are set to 5,
the grid intervals in matching nodes are set to 2, the threshold NewTh = 0.5
for new category generation, and the category load balancing times are set
to 2, which is evenly distributed by events, i.e., if a total of 100,000 events
are performed, every 50,000 are transferred to load balancing judgment.
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Figure 3 Average number of categories to which events are assigned.

In addition, we set the judgment threshold merge = 1 for category fusion
within nodes and category fusion between nodes.

To increase the matching speed of events and subscriptions, first, deter-
mine whether similarity and relevance can optimize the clustering procedure.
For comparison, three algorithms are offered.

(1) Perform clustering operations using Sim — NonFre as a representation
and solely similarity without frequency.

(2) The Sim — Fre method of clustering, which uses similarity with fre-
quency.

(3) Sim — Fre — Co is used to depict the clustering procedure, which uses
both similarity and correlation-containing frequency values.

The average number of categories given to the occurrences after spatial
and attribute filtering is the measured data for these three methods.

(1) The process when both event and subscription streams exist, which
begins at 0, or from the first event and subscription received, while the
training and matching operations of the data are carried out, with the
outcomes given in Figure 3.

(2) When the data training, subscription clustering, and matching processes
are finished and just the event stream is present, the results are displayed
in Figure 4.

Figure 3 shows the training process, where both the event stream and the
subscription stream are present at the same time, and the training ends when
just the event stream is being evaluated. The average number of categories for
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which events must perform matching is highest when using Sim — NonFre
results, intermediate when using Sim—Fre results, and lowest when using
Stm — Fre — Co results. In other words, using similarity and correlation
with frequency as opposed to simple similarity effectively reduces the number
of categories for which events must perform matching operations. When
simply performing matching operations after training is complete, as opposed
to comparing the training process to the end of the training, the number
of categories assigned to events increases because training and matching
operations are carried out concurrently, and some published events that have
not yet received subscription attention do so only afterward, necessitating the
performance of more matching operations.

Then, the category fusion strategy’s data transfer volume is confirmed.
The amount of data transmission using only inside the node category fusion
(using InNode representation) and using both inside the node category
fusion and inter-node category fusion (using InAndBetNode representation),
respectively, will be shown in this paper’s results of DataTra during the
training process. In Figure 4, the experimental findings are displayed.

From the early stage of training, the data transmission utilizing both
inside the node fusion and inter-node fusion InAndBetNode is in a growing
phase, but the categories will progressively drop after that. Because only
inside the node data fusion is being used owing to the data amount in the
node, the distribution of categories is not acceptable, which keeps the number
of category fusion operations high.

The success of the category fusion technique will then be evaluated. The
publish—subscribe method and the DRt-Cluster algorithm from this article
are the two algorithms that are intended to be offered for comparison in this
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section. Kd-tree is used in this work to illustrate the clustering method since
a study used it as the clustering algorithm. The findings of the comparison
between the throughput of events in this study are displayed in Figure 5.
To test the clustering results of categories and the distribution results on
matching nodes using the ¢tran/sec representation, the matching process of
events and the addition and deletion process of subscriptions alone is carried
out after the training of events and subscriptions. The throughput of the
DRt-Cluster algorithm in this article is marginally higher than that of the
KD-tree approach, as seen in Figure 5.

Finally, this study examines the difference in data throughput before and
after the DRt-Cluster algorithm’s load-balancing operation. The experimental
findings are depicted in Figure 6. The distribution of categories is more
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uniform and the data throughput somewhat increases after the load-balancing
process.

7 Conclusion

In this paper, we first introduce the publish—subscribe system in detail,
adopt the application method of mixed attributes, propose the judgment
parameters in the two clustering algorithms, similarity and relevance, design
and implement an instant publish-subscribe algorithm on a single processor,
then design a distributed system and deploy the instant publish—subscribe
algorithm DRt-Cluster on it, according to the load balancing policy that is
compatible with it, and finally verify its effectiveness through experiments.
Experiments demonstrate that using similarity and relevance with frequency
compared to the effect of ordinary similarity effectively reduces the number
of categories for which matching operations need to be performed for events,
and the speed of matching events and subscriptions is improved by 15.5%.

The publish/subscribe system Is p”one ’o load balancing problems, and
further research focuses on the peak hours of the research load and how the
internal agent nodes can guarantee the accuracy of event matching while
improving the speed of matching.
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